Stochastic system is applied to describe and investigate the fluctuations of stock price changes in a stock market, and a stock price model is developed by the finite-range contact process of the statistical physics systems. In this paper, the scaling behaviors of the return intervals for SSE Composite Index (SSE) and the simulation data of the model are investigated and compared. The database is from the index of SSE in the 6-year period for every 5 minutes, and the simulation data is from the finite-range contact model for different values of the range R. For different values of threshold θ, the statistical analysis shows that the probability density function P θ (τ ) of the return intervals τ for both SSE and the simulation data have similar scaling form, that is 
Introduction
The statistical behavior of the fluctuations of stock price changes has long been a focus of financial research, both from the point of view of data analysis and modeling [1-6, 11-17, 19, 20] . In the empirical research of the real financial markets, some statistical properties for the market fluctuations are uncovered by the high frequency financial time series, such as fat tails distribution of price changes, the power-law of logarithmic returns and volume, volatility clustering which is described as on-off intermittency in literature of nonlinear dynamics, and multifractality of volatility, etc. For modeling, any model aiming at understanding price fluctuations needs to define a mechanism for the formation of the price. Recently, some market models were introduced by applying the statistical physical systems [6, [15] [16] [17] 20] , in an attempt to reproduce and explain this set of empirical facts. Among those studies, Silva and Stauffer [15] simulated the standard spin 1/2 Ising model with ferromagnetic interactions between the nearest neighbors on the square lattice, and regarded up spins as sites occupied by a trader, while down spins were regarded as empty. And they defined the clusters of parallel spins in the square-lattice Ising model as groups of traders acting together on the Cont-Bouchaud stock market model. Further, they showed that a crossover from a power-law behavior to a more Gaussian distribution for market fluctuations as in the random percolation case. There are also some other related work that has been done by applying the lattice statistical physics models to a financial model, for example see Refs. 6, 16, 17, 19. In recent years, the behavior of the waiting times between two successive price changes with high-frequency financial data has been analyzed and studied, see Refs. 3, 5, [12] [13] [14] 20 . For example, Greco et al. [6] investigated the distribution of stochastic separation between isolated strong events in the volatility signal. By using a test for the occurrence of local Poisson hypothesis, they showed that the waiting time process strongly departs from a Poisson statistics, the origin of this failure stems from the presence of temporal clustering and of a certain amount of memory. Stanley et al. [20] studied the return interval τ between price volatilities that were above a certain threshold q. They showed that the probability density function P q (τ ) follows the scaling relation P q (τ ) =τ −1 f (τ/τ ) (τ is the mean return interval). And the scaling function f (x) is well approximated by the stretched exponential:
In this paper, a stock price model is developed by the finite-range contact system, and we investigate the statistical behavior of market return intervals for the index of Shanghai Stock Exchange (SSE) and the simulation data of the model. The contact process is a continuous time Markov process as a model for the spread of an infection among individuals in the d-dimensional integer lattice Z d . Suppose the origin o ∈ Z d is the only infected individual at time 0, and assume for now that every infected individual may infect a healthy individual at a distance less than R ≥ 1. We refer to this type of model as the spread-out finite-range contact process. The rate of infection is denoted by λ and it is well known that there is a phase transition in λ at a critical value λ c ∈ (0, +∞), see Refs. 9, 10. Following that, according to the theory of the finite-range contact system, a price model is modeled to reproduce and explain the fluctuations of SSE Composite Index. Then we compare and investigate the scaling probability density function (PDF) of the return intervals between SSE Composite Index and the simulation data of the model for different thresholds θ. Our analysis and computer simulation show that the probability distributions of the return interval series of SSE Composite Index and the simulation data have similar scaling form, that is, P θ (τ ) =τ γ . Moreover, for a fixed θ, we show that the curves for the simulation data (R = 1, 2, 3) collapse, and they are all close to that of SSE Composite Index. Meanwhile, the curves depart from the curve of SSE with θ increasing (for a fixed R), and become closer to the curve of SSE with R increasing from R = 1 to R = 3 (for a fixed θ). Our empirical research is based on the high-frequency intraday data of the SSE Composite Index in the 6-year period for every 5 minutes, from February 28, 2001 to April 17, 2006 , the total number of observed data is about 60,221. In the financial model, R is the range of the financial model; λ stands for the spread rate of the investment information; n, the investor numbers, is the size of investment in the stock market; ρ is the initial density of the financial model and denotes the proportion of individuals knowing the information at the beginning of each trading day. The simulative data is from the financial model for R = 1, 2, 3 and the parameters λ = 10, n = 729, ρ = 0.1, the number of selected data from the model is about 66,000.
Price Model and Finite-Range Contact System
The spread-out finite-range contact model on Z d with infection parameter λ is a continuous time Markov process η s (s ∈ R + ) on the configuration space {0, 1}
. Individuals in A are regarded as infected, while the other individuals are thought of as being healthy. The transition rates for η s are given by A → A\{x}, for all x ∈ A at rate 1, and
where N is a zero's neighborhood set, and |A| denote the cardinality of a finite set A. When considering range R = 2, we let N = {−2, −1, 1, 2, }, similarly for other cases. More formally, the connection between the rate function c(x, η) and the process η s is made through the generator Ω of η s . For functions f on {0, 1}
that depend on finitely many coordinates, the generator has the form
where at time s with initial point {0}. In subcritical case λ < λ c , the contact process is said to die out or become extinct, that is,
In supercritical case λ > λ c , it is said to survive.
We suppose that stock price fluctuations result from investors' investment attitudes towards the stock market, and assume that the investment attitude is represented by the viruses of the finite-range contact model, which accordingly classifies buying stock, selling stock and holding stock respectively. Consider a model of auctions for a stock in a stock market. Assume that each trader can trade the stock several times at each day k ∈ {1, 2, . . . , N}, but at most one unit number of the stock at each time. Let l be the time length of trading time in each trading day, we denote the stock price at time s in the kth trading day by P k (s), where s ∈ [0, l]. Suppose that this stock consists of n + 1 (n is large enough) investors, who are located in a line {−n/2, . . . ,
At the beginning of trading on each day, suppose that only the investor at the origin site {0} receives some news. We define a random variable ϑ {0} k for this investor, suppose that this investor takes buying position (ϑ
respectively. Then, this investor sends either bullish, bearish or neutral signal to his neighbors. According to d-dimensional finite-range contact dynamic system, investors can influence each other or the news can spread, which is assumed as the main factor resulting in price fluctuations. Moreover, here the investors can change their buying positions or selling positions to neutral positions independently at a constant rate. For details, see the similar construction in Ref. 19 .
where n depends on the trading days N . From the above construction and Refs. 1, 7 and 18, we define the stock price at kth trading day k(k = 1, 2, . . . , N) as
where α > 0, represents the depth parameter of the market. Then the single-period stock logarithmic returns from s to s + 1 (s ∈ [0, l]) is given as follows
More generally, the formula of the single-period (or time scale) stock logarithmic returns from t to t + 1 is given by
In this paper, the logarithmic returns in 5 minutes' price changes for SSE are selected and analyzed. By the theory of finite-range contact model, in supercritical case λ > λ c , the virus will not die out, namely, the news will spread widely, so this will affect the investors' positions, and finally will affect the fluctuations of the price changes. In subcritical case λ ≤ λ c , the virus will die out at last, namely, the influence on the stock price by the investors is limited. The time series of the stock prices and the corresponding returns by simulating the one-dimensional (d = 1) finite-range contact model are plotted in Fig. 1 . In this paper, the financial model is considered only for the range R = 1, 2, 3 and some parameter settings. We discuss the parameter setting of the financial model and make 3,000 replications for the simulation. And the number of simulation data from the financial model is about 5,000. For R = 1, the parameter settings of the financial model are discussed. The statistics of returns for different values of parameters is given in 84 samples when λ = {2, 4, 6, 8, 10, 12, 20}, n = {100, 200, 300, 400} and ρ = {0.05, 0.1, 0.15}. Further, the probability behaviors of kurtosis and skewness are studied. Kurtosis is a measure of the "peakedness" of the probability distribution of a real-valued random variable. It is known that the kurtosis of the Gaussian distribution is 3, while the kurtosis of the real markets is usually larger than 3 by the empirical study. The recent research denotes that returns on the financial markets are not Gaussian, but exhibit excess kurtosis and fatter tails than normal distribution, which is usually called the "fat-tail" phenomenon, see Refs. 2, 4, 12, 14-17. Through computer simulations, we study the statistics for the price model with range R = 1. For instance, the number of kurtosis values which are larger than 3 is nine times among the 12 tests for λ = 10 in computer simulations. So from this point, we think λ = 10 is suitable for the simulation of the financial model. In this paper, most of the computer simulations are based on parameters λ = 10, n = 729 and ρ = 0.1. And in this case, the empirical research demonstrates that the distribution of returns deviates from the Gaussian distribution, and the kurtosis distribution of the returns shows a sharper peak and longer, fatter tails. The property is similar to the real data distribution to a certain extent. Similar to this method, we have investigated the statistical properties of returns for the financial model with range R = 2, 3, and the corresponding simulations show similar results. The estimate of the critical value λ c (for one-dimension case with R = 1) is known as λ c ≈ 1.6494, see Refs. 9, 10. Because λ = 10 is much larger than λ c , the corresponding supercritical contact model will be a case of survival. According to the above discussion in this section, for the set of parameters λ = 10, n = 729 and ρ = 0.1, the financial model can exhibit "fat-tail" phenomenon. Since recent empirical research indicates that the fat-tail behavior is one of most important features in the actual stock market, see Refs. 2, 4, 12 and 14-17, this suggests that the set of parameters λ = 10, n = 729 and ρ = 0.1 is reasonable.
The Systematic Comparisons Between SSE and Financial Model
In this section, we make a systematic comparisons between the return intervals of SSE Composite Index and the corresponding return intervals of the financial model. Moreover, we study the statistical properties of the return intervals for SSE and the model.
The descriptions of the return intervals
The characteristics of isolated high volatility events in price fluctuations and the distributions of return intervals between these events are of great interest in financial research. In order to study the behaviors of return intervals, we do some preparations as follows. In Refs. 8, 13, 19, 20, the intraday pattern, exhibited by intraday volatilities, exists in most stock markets, including the Chinese stock markets. Let A(s) denote the intraday pattern, which is the price change at a particular moment s of the trading day averaged over all N trading days and defined as
where r k (s) is the logarithmic return at time s of day k, see (1) of Sec. 2. As shown in Fig. 2 , we plot the intraday patterns of SSE Composite Index and the simulation data from the financial model at different ranges R (R = 1, 2, 3 when n = 729, λ = 10, ρ = 0.1). The plot showed that all the curves have a similar pattern, moreover, for R = 3, the intraday pattern is the closest to the actual data among the three ranges in the financial model. In addition, the intraday pattern exhibits a pronounced peak soon after the opening hours, and a minimum value around the time s = 224 min. And it can be seen, the intraday pattern of the Chinese stock market fluctuates more wildly than that of the developed countries' stock markets [20] . To obviate the effect of the daily vibration, the intraday pattern is scaled and defined by
where r(t) = r k (s) depends on k and s, that is for any r(t) at the time t, there exists a corresponding r k (s) at time s in kth trading day. And the time scale is five minutes, see (2) of Sec. 2. The normalized volatility C(t) is defined by Figure 3 well illustrates the return intervals for SSE Composite Index. Considering the normalized volatility for a finite threshold θ (θ is very small and close to 0), the minimum (or very small) interval between the volatilities is canceled. So we introduce the concept of the return interval as follows. Let θ 0 be a small fixed positive parameter, if θ < θ 0 , the return interval τ is defined as the "real return interval" of the stock market; if θ ≥ θ 0 , the return interval τ is between serial volatility C(t) transcending a certain threshold θ. In this paper, we mainly investigate the scaling properties of return intervals when θ ≥ θ 0 (where θ = 1, 2, 3, 4, 5), see Fig. 3 .
Accordingly, the threshold θ is quantified in units of r (t). The return interval τ is between successive volatilities for serial volatility C(t).
As illustrated in Fig. 3 , we obtain the time series of the return intervals τ from C(t) for SSE Composite Index, where C(t) is multiplied by 2 × 10 4 . Similarly, we can define the return intervals from the simulation data of the model with different values of R. Recently, some research work shows that, for some stocks prices, the probability density function (PDF) of the return intervals P q (τ ) follows the scaling relation P q (τ ) =τ
γ , see Refs. 13, 20. Whereas for SSE and the financial model in this paper, we show that the PDF of the return intervals P θ (τ ) conforms to the scaling form P θ (τ ) =τ −1 h(τ/τ ), and the scaling function is well approximated by the stretched exponential
where ω, a, γ are three parameters, andτ is the mean return intervals which depends on the threshold θ. Furthermore, through analysis on SSE Composite Index and the simulation data, we find that they have the similar scaling behaviors of the return intervals for different thresholds θ.
The comparisons of statistical properties for the return intervals for different θ values
In this section, we first study the probability density functions of return interval series, P θ (τ ). In Fig. 4 , the sampling time length for SSE Composite Index is 5 minutes, and the number of obtained data for the finite-range financial model is about 66,000 on different values of R (R = 1, 2, 3), with the parameters λ = 10, n = 729, ρ = 0.1. Figures 4(a) , (c), (e) and (g) indicate that the patterns of P θ (τ ) are changing with different values θ, and P θ (τ ) collapses slowly with the threshold θ increasing. While Figs. 4(b) , (d), (f) and (h) indicate that P θ (τ )τ (τ is the mean return intervals) decays as a line approximately in the log-log plot. From the system comparison, we find that the PDF of the return interval series of SSE Composite Index and the simulation data have similar scaling behaviors as shown in Fig. 4 . Next, we further analyze and compare the function P θ (τ )τ between SSE Composite Index and the simulation data in Figs. 5 and 6. We find that each database corresponding with a single scaling relation, indicates that the function h(x) has a structure and can be described in the form of h(x) = ωe
−a(ln x)
γ . In addition, we find that SSE Composite Index and the simulation data have similar form and statistical properties in Fig. 5 and 6 . Table 1 shows the statistical analysis of the function h(x), and the parameters ω, a and γ are estimated by the least squares fitting technique. We find that the PDF of the financial model (with R = 3) is the closest curve to that of the actual data (SSE Composite Index) among the three ranges models. And it further shows that the finite-range financial model is in accord with the real stock markets to a certain extent. 
The comparisons of SSE and the model on some fixed θ
In this part, for some fixed value θ, the PDF (P θ (τ )) of the return intervals τ for SSE Composite Index and the simulation data are given in Fig. 7 , which are log-log plots. The simulation data of the model is selected for different ranges R (R = 1, 2, 3), when λ = 10, n = 729, ρ = 0.1. In Fig. 7 , it is easy to see that the distributions of SSE and the model have similar trends and patterns. And we find that the PDF for the simulation becomes closer to that for the actual data when the range R increases from R = 1 to R = 3. It is known that the interaction among the investors becomes more vigorously with R increasing, this implies that investment information spreads more widely in a stock market, so this may result in the large price fluctuations in the financial model. So, from Fig. 7 , it implies that the large price fluctuations often occur in Shanghai stock market. Furthermore, we compare the scaled PDF of the return intervals of SSE Composite Index with that of the simulation data in Fig. 8 (with the some fixed θ) , which is a loglog-loglog plot. On the one hand, we find that the scaled PDF curves of the simulation data (R = 1, 2, 3) collapse, and they are close to the scaled PDF curve of SSE on the whole. On the other hand, we find that the curves of the model are deviating from that of SSE with increasing θ, and they collapse in the similar trend with R increasing from R = 1 to R = 3 (on a fixed θ).
Conclusion
In this paper, a financial stock price model is developed by the finite-range contact process. We investigate the scaling behaviors of the return intervals for SSE Composite Index and the simulation data. The simulation data is selected from the finite-range financial model for different values of range R, where λ = 10, n = 729, ρ = 0.1. Through system comparisons of the statistical properties for the return intervals, we find the PDF of the return interval series for the SSE Composite Index and the simulation data have the similar scaling behaviors, and the scaling form can be approximately fitted by a stretched exponential function as h(x) = ωe
−a(ln x)
γ .
Moreover, we find the scaled PDF curves for the simulation data (R = 1, 2, 3) collapse, and they are all close to the corresponding curves of SSE Composite Index. This research denotes that the stock price model in this paper may have elements of the real stock market to some extent.
